Influenza is an acute respiratory infection caused by a virus. It is highly contagious and rapidly mutative. However, its epidemiological characteristics are conventionally collected in terms of outpatient records. In fact, the subjective bias of the doctor emphasizes exterior signs, and the necessity of face-to-face inquiry results in an inaccurate and time-consuming manner of data collection and aggregation. Accordingly, the inferred spectrum of syndromes can be incomplete and lagged. With a massive number of users being sensors, online social media can indeed provide an alternative approach. Voluntary reports in Twitter and its variants can deliver not only exterior signs but also interior feelings such as emotions. These sophisticated signals can further be efficiently collected and aggregated in a real-time manner, and a comprehensive spectrum of syndromes could thus be inferred. Taking Weibo as an example, it is confirmed that a regional spectrum of symptoms can be credibly sensed. Aside from the differences in symptoms and treatment incentives between northern and southern China, it is also surprising that patients in the south are more optimistic, while those in the north demonstrate more intense emotions. The differences sensed from Weibo can even help improve the performance of regressions in monitoring influenza. Our results suggest that self-reports from * Corresponding author 
Introduction
Influenza is a highly contagious and rapidly spreading acute respiratory infection caused by the influenza virus. It is common but sometimes may become a severe or fatal disease in specific areas due to ubiquity of urbanization trends ([1] [2] ). Studies have shown that the seasonal and regional differences in influenza surveillance results are of great significance for understanding the epidemic details of influenza and the selection of vaccinations ( [3] [4] ). Nevertheless, the traditional method for influenza surveillance is collecting information through various sentinel hospitals, by which it is not possible to obtain complete and effective information from patients in time to help control the epidemic ( [5] [6] ). In the meantime, the subjectivity of face-to-face inquiries might result in a biased spectra of symptoms, while too much emphasis on exterior signs may also overlook the interior suffering of the patients.
To compensate for the delay of traditional means for disease surveillance, a search engine was first excavated from the Internet to help monitor influenza trends ( [7] [8] ). Shortly after the boom of social media, Twitter and its variants became new and credible data sources in disease surveillance. Aside from their rich demographics, such as geography, gender, age and occupation, users of social media are also deeply embedded in social networks that are composed of following links ( [9] ) or interaction connections. In the manner of self-reporting and word-of-mouth, content in the form of texts, photos and URLs are shared and disseminated, thereby accumulating digital footprints that can be unprecedented windows into understanding human behaviors. In particular, for the study of influenza, social networks offer the opportunity to trace the epidemic paths, and the sophisticated signals conveyed within content, not only factual descriptions but also mental statuses, make the comprehensive profiling of symptoms possible. According to the review by Charles-Smith ( [10] ), Twitter was selected as the primary data source for 81% of influenza-related explorations, and with the help of social media, 45% of the previous studies of disease surveillance have tried to predict the spread of influenza ( [11] [12] [13] ). However, whether social media can sense a regional spectrum of symptoms, especially from views including both exterior and interior signs, is rarely examined.
Indeed, compared with other surveillance approaches, for example, collecting patients information from outpatient services, social media offers natural, voluntary "reports" to identify epidemiological symptoms and gain a spectrum of rich dimensions, including geography, social networks, and individual attributes.
In particular, the conventional outpatient data do not reflect the psychological responses of the patients to the disease, while these internal reactions are in fact critical to understanding patients statuses and developing treatment plans.
Landmark studies have demonstrated the critical contributions of taking patients emotions into account for disease treatment ( [14] [15] [16] ). More inspiring, it is also found that for treating influenza, approaches considering moods might vary across populations, for example, in the military and controlled populations ( [17] ). This finding implies that for different regions, the differences beyond the same influenza would inherently help present exclusive treatments. Nevertheless, to the best of our knowledge, the exact picture of the regional differences in response to influenza is still missing.
With its vast territory and complex climatic conditions, China faces an extremely serious situation regarding influenza prevention and control. Specifically, the seasonality of influenza activities and the variations in influenza symptoms across regions greatly challenges the existing systems ( [18] [19] ). According to the National Health and Family Planning Commission, there were a total of 7,030,879 cases of notifiable infectious diseases and 19,796 deaths in 2017 ( [20] ). Therefore, the help garnered from social media to overcome the difficulties in influenza surveillance is necessary and urgent. In this study, influenza-related tweets from Weibo are sampled to examine the capability of social media to 3 sense a regional spectrum of symptoms. Weibo, the most popular Twitter-like service in China, has attracted 503 million users, thereby surpassing Twitter and accounting for 83.4% of the total number of Internet users in China. Most notably, in contrast to Twitter, Weibo users are legally authenticated because of the real-name registration regulation, which further guarantees the authenticity of the samples.
It is confirmed in the present study that social media can sense a comprehensive spectrum of symptoms for influenza, especially variations across regions.
Specifically, patients in southern China are more optimistic than their counterparts in the north, who, however, express more intense emotions in terms of emoticons. In the spring, patients in the south demonstrate greater odds of going to hospitals, while in the winter, the north shows more incentives for treatments. It is also revealed that the influenza duration in the south is longer than that in the north. The differences we found essentially help improve the performance of regression models in influenza surveillance. Our findings suggest that social media can be a necessary supplement to existing influenza monitoring systems.
Reuslts
To be consistent with the influenza-like illness (ILI) records and existing research, we split China geographically into two typical regions (see Fig. 1 (a) ), i.e., the south and the north ( [21] ). Purely from the ILI of both regions, the regional difference, though only in volume, can be found, as seen in Fig. 1(b) .
As shown in Figures. 1(c)-(d) , the volume of influenza-related tweets (IRT) is positively correlated with the ILI of both the north and the south; however, the correlation is larger for the north, thereby implying the existence of differences across regions from the view of social media. In the following section, we will examine the regional differences in responses to influenza from multiple and comprehensive views. The enhancement from regional differences to regression models, which are key parts of influenza surveillance, will also be demonstrated. Figure. 2, for each seeding term, its adjacent words represent the symptoms extracted. There were significant differences in symptoms and complications between the north and the south. By summarizing the keywords that appear separately or are cooccurring, the results show that there are more concurrent diseases in the south than in the north, and other physical discomforts excepting respiratory symptoms occur more in the south than in the north. It can also be seen from Table 1 that some common influenza symptoms appear in both the north and the south, but we can still obtain respective characteristics between different regions. For example, dengue is a disease that is mainly prevalent in the tropics and subtropics, such as Guangdong province in southern China.
Our results confirm this observation because dengue and myocarditis only appear in the influenza-related words in southern China and not in those of the north. Furthermore, we found that influenza in the north is relatively intense, but patients easily recover. However, the symptoms in the south can be more serious. The abovementioned differences between regions can be well explained by environmental differences, such as in climate, temperature, and pollution, which lead to regional behaviors of the influenza virus ( [22] [23]). The difference in external signs revealed by social media are consistent with previous knowledge, and this information can be obtained in a real-time and low-cost manner, thereby implying that the efficiency of the existing surveillance system would be essentially enhanced.
Differences in treatment incentives. It is challenging with the existing influenza surveillance system to measure the incentives for treatment after getting infected because conventional data collection depends heavily on face-toface inquiries in clinics. In social media, however, incentives for treatment can be sensed through hospital-related keywords that are frequently mentioned in tweets (see Methods). We suppose that more occurrences of hospital-related keywords inherently indicate stronger intentions for treatment. For each region, the ratio of tweets that contain hospital-related words can be accordingly defined as a value of the treatment incentive. Surprisingly, Table 2 shows that there is no significant difference across regions when neglecting the seasons (p > 0.05).
However, for the seasons of spring and winter, significant differences in treatment incentives indeed exist (p < 0.05). Specifically, the incentives for treatment in southern China are approximately 5.0% higher than those in the north in the spring; in winter, the incentives in the north are 10.9% higher than those in the south. For spring and winter, the necessity of considering regional discriminations in the deployment of medical resources is thus suggested. Differences in emotions. Sophisticated signals delivered in tweets not only include descriptions of external signs of influenza but also internal feelings, e.g., emotions after becoming infected. For the clinic-based system, patients emotions are rarely sampled and put into records. However, from texts in social media, emotions can be comprehensively measured ( [24] ). To study patients emotional responses to influenza, we calculated the sentiment intensity of each tweet and classified them into positive and negative sentiments (see Methods).
The result of the chi-square test of sentiment polarity across regions is significant (p < 0.05), as shown in Table 3 , thereby implying that regional differences in emotions do exist. In terms of negative emotions, the actual number of mes- sages is 6% higher than the estimated number in the north, while the opposite is true in the south. However, the regional difference in positive valence becomes trivial between the north and south. This result indicates that compared with southern China, the proportion of negative emotions is significantly higher in its northern counterpart, thereby implying that influenza infection is more likely to result in pessimism in the north.
Except for polarity in emotional expressions, the intensity of both positivity and negativity also matters. In this study, the emotional intensity or arousal can be measured with regard to the scores of terms in the emotion vocabulary (see Methods). The seasonal emotional intensity of each region can be obtained accordingly by averaging the emotional intensity of regional tweets. As seen in Figure. 3, for all seasons, the north is more intense both in the negative and positive valence, i.e., the absolute value of the average sentiment score is higher, especially in winter. This result suggests that in the north, contracting influenza leads to intense emotions, especially negative ones.
In contrast to sentimental terms, an emoticon is another means of emotion expression in social media ( [25] ). More emoticons in tweets suggests more intensive expressions of emotions, meaning that the emotional intensity can also be Figure. 4, consistent with our inference from the scores of terms, negative emoticons are used more frequently than positive ones in influenza-related tweets, both in the north and south. In particular,
the expressions of sadness demonstrate the highest frequency, thereby implying that negative feelings such as being sad dominate after infection. In the meantime, the frequency of joyful and angry emoticons, which essentially represent more intense emotional arousal, is significantly higher in the north than in the south. This result is also consistent with the observation regarding the view of the emotion scores of texts. The regional differences in emotional intensity indicate that the internal feelings after influenza infection can also be surprisingly impacted by region, thereby suggesting the consideration of emotion regulation or relief in medical treatments, especially for patients of the north.
Differences in infection duration. Distinguishing the symptoms, treatment incentives and emotions in influenza infection would intuitively lead to different durations of the disease in both regions we investigate. To confirm this directly differences between both regions. Tweets containing these words are named prolonged influenza-related tweets (PIRT). Figs. 5 (c)-(d) show the weekly ratio of PIRT in both the south and north; the higher the ratio, the longer the duration of influenza. It can be seen that in every season, the ratio of PIRT in southern China is generally higher than that in the north, which further confirms the significant difference in the duration even after neglecting the selfhealing cases. We conjecture that because southern individuals have a longer duration of infection, they may seek medical treatments many times during influenza, while the number of influenza-related tweets posted by them may not proportionally grow. In line with this, an underestimation of real influenza occurrences might result, which can explain the relatively poorer correlation in the south (see Figure. 1 
(d)).
Differences can enhance the capability of surveillance Regression models, which explain trends in the influenza rate, are key parts of the system of influenza surveillance. According to the results of various models in Table 4 , influenza-related tweets in Weibo can reflect objective flu trends. In particular, models combining IRT with historical influenza data, ILI% lagging two periods,
show better results both in the north and south. Furthermore, in this paper,
we first compared the interpretation of the regression model for both the north and south and found that the model performs better with northern data than with southern data. We next examined whether the difference in the duration of influenza would affect the performance of the regression model in both regions.
Specifically, the explanatory power of the model is revalued after adjusting the volume of influenza-related tweets by considering the number of PIRT. That is, to adjust the IRT in week t, the PIRT in week t will be added to the IRT in week t+1, and the new IRT in week t is denoted as Adjusted − IRT t . Table 4 shows that in the south, the explanatory power of the model has been significantly improved by the adjustment from 53.50% to 73.10%, but the improvement vanishes in the north. Figure. 6 shows the fitting curves before and after adjusting the IRT in the south. It can be similarly seen that there are significant improvements in the weeks where the previous fitting does not perform well (such as weeks 201608, 201614, etc.). The improvement in the regression model for the south essentially implies inspiring insights from understanding the regional differences. Indeed, with the help of social media, a more comprehensive and detailed regional spectrum of symptoms will be necessary supplements to the existing system of influenza surveillance. 
Discussion
How to achieve effective monitoring and prevention of influenza, which is a highly contagious and rapidly mutative disease, has always been an important issue. In this paper, with the help of social media, we examine the inference of a regional spectrum of influenza symptoms, especially the differences across regions. To our knowledge, for the first time, it is confirmed that social media can sense the differences in a regional spectrum of influenza. Specifically, from perspectives such as symptom descriptions, treatment incentives, emotion expressions and illness duration, different responses in both northern and southern
China are systematically and comprehensively revealed. Even more importantly, these differences can be insights into optimizing the deployment of medical resources or developing regression models in disease monitoring. Considering the inherent similarities between Weibo and other Twitter-like services, our findings can also be easily extended to other countries or circumstances.
Social media can be a new channel for the Centers for Disease Control to monitor and prevent diseases. Our results demonstrate the power of these Twitter-like services in sensing the spectrum of influenza and their surprising capabilities in disclosing regional differences in symptoms. More importantly, social media can offer insights that cannot be easily accessed through existing approaches. Interior responses, such as incentives and emotions after influenza infection, are conventionally difficult to effectively collect but offer profound clues for developing treatment plans. However, with the help of text mining and sentiment analysis, internal signals such as treatment incentives and emotional expressions can be efficiently and precisely detected in a real-time manner.
From this perspective, social media can enhance the existing influenza system with its ability for comprehensive and real-time surveillance.
In particular, interesting patterns of regional differences, not only in external signs but also in internal reactions, can be deeply sensed in social media. In traditional clinic-based systems, the great expense in both cost and time makes it challenging to obtain an accurate and complete picture of influenza differences Specifically, in the context of this study, tweets containing influenza-related keywords were further refined by classifying them into either truly describing influenza or noise. To initiate the classification task, a manually labeled corpus of 4,210 tweets, which will be divided into a training set and testing set later, was first established by well-trained coders. In the labeled corpus, influenza-related tweets were labeled as positive and the others were identified as negative. Unlike text classification in English, word segmentation is the first step in Chinese text processing. In this paper, jieba, which is a python library, was used to perform the word segmentation. The result of the word segmentation includes all terms in the training set, which has a very high dimensionality (approximately 10 thousand dimensions) with many possibly irrelevant features for the classification.
To reduce dimensions, we tried the information gain (IG) method to calculate the score of every term and sorted them by the IG score in reverse order. The accuracy of classification under different dimensions was calculated both in the training and testing sets, and the dimension with the highest accuracy was chosen. After that, TF-IDF (term frequency-inverse document frequency) was used to convert the text into a vector ( [29] ), which was the final input of the SVM classification.
We used the libSVM package to train our classifier and chose the RBF core as the kernel function. RBF can map nonlinear samples to high-dimensional space, which is more conducive to solving nonlinear problems. The final evaluation of the SVM classifier shows 80.9% accuracy, 79.9% precision and 78.0% recall. We Value treatment incentives. We used hospital-related keywords in Table 5 to filter a selection of tweets that were supposed to reflect intentions for treatments.
Then, we calculated the proportion of the number of tweets containing those keywords in the total number of tweets in the north and south; tweets can also be grouped by seasons such as spring and winter. The proportion results are considered as the treatment incentives in each season.
Value the emotional intensity of texts. We chose a dictionary-based method to quantify the emotional value of the text because sentiment intension is necessary. Shen's dictionary-based method of inferring microblogs emotional orientations is chosen in this study ([30] ). This method is based on emotional words, degree adverbs, and the relative position of words in the tweets for emotional scoring. We used Shens method to calculate the emotional score of each Weibo message. To make the results follow a normal distribution, we only considered messages whose scores were between -100 and 100 and removed those of exceptional values. A tweet was considered to be positive if the score > 0, negative if the score < 0, neutral if the score = 0. Neutral messages were not included within our analysis. 
Time words
Over ten days, two weeks, three weeks, half a month, over twenty days, many days, several weeks, a month and a half, one month, more than one month, two months, several months, a month or so, a long time Select duration-related words We manually selected several seeding words first and then used the Word2vec embedding model to obtain semantically similar words to those seeding words. After further manual screening, we selected 14 words denoting longer times, which can be found in Table 6 . ILI t ∼ N egativeBinomial(µ t , κ) log(µ t ) = β 0 + β 1 s(IRT t ) + β 2 µ t−2 + t , where µ t denotes the ILI value for the period t; µ t−2 denotes the ILI value two weeks before period t, which is the latest influenza history data we can access from the surveillance network; s(IRT t ) is the smooth spline of the influenzarelated tweets; and t is the residual term for the model. For the evaluation of the model, the deviance explained by the model represents its explanatory ability in influenza surveillance. RMSE is the root-mean-square error, which is a frequently used measure of the differences between estimations (sample or population values) predicted by a model or an estimator and the real values observed. In general, a lower RMSE is better than a higher RMSE. AIC stands for the Akaike information criterion, which is an estimator of the relative quality of statistical models for a given set of data. The AIC estimates the relative information loss by a given model, and the less information a model loses, the higher the performance of that model.
Generalized Additive Model (GAM)
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